ABSTRACT In this paper, a blind separation algorithm based on nonparametric probability density estimation (NPDE) for baseband communication signals is proposed. The NPDE method can precisely estimate the probability density of signals, and its good data-driven property guarantees the adaptability of the proposed algorithm. The NPDE method is extended to complex field to fit the complex characteristics of baseband communication signals. The complex update procedure of demixing matrix corresponding to complex channel matrix and signals is also derived in this paper. The experimental results indicate that the proposed algorithm not only can effectively separate the mixture of baseband communication signals, which are modulated with the same or different modulation schemes, but also has better convergence properties and greater signal interference ratio gains than the contrast algorithms. Moreover, even if the local carrier of receiver is unsynchronized to the carrier of received signals due to carrier offsets, the proposed algorithm can also achieve a valid separation.
I. INTRODUCTION
Blind source separation (BSS) is derived from the famous ''Cocktail Party'' problem [1] , which has the goal of recovering mixed voice sources. After decades of development, BSS has been transplanted to many fields, including image processing, biomedical signal processing, and communication signal processing [2] - [4] . The applications of BSS in communication signal processing field are mainly focused on inband interference cancellation [5] , channel multiplexing [6] , and blind channel identification [7] .
Generally, the processing of communication signal is implemented in baseband for low sampling rate and storage demand, which also implies that the signal is complex. When considering baseband communication signals blind separation problem, therefore, it inevitably becomes a complex BSS problem that cannot be solved directly by conventional BSS methods, i.e., real-valued BSS methods. Hence, corresponding modifications or extensions are necessary for these BSS methods to fit the complex characteristic of baseband communication signals. Cardoso and Laheld [8] and Li and Adali [9] studied the complex BSS problem; however, the algorithms they proposed only work for a few communication signals, the ''circle'' signals, such as 4QAM and QPSK. In [10] , a simple parallel BSS algorithm was proposed that translates a complex signal into two real signals; as a result, traditional real-valued BSS algorithms are applicable for complex BSS problem. In [11] and [12] , BSS algorithm was applied to achieve I/Q signal imbalance compensation, which also employs the concept of translating complex signal into real signals. References [13] and [14] proposed a communication signal blind separation algorithm that exploits the constellation distribution property of communication signals to build probability density model.
In communication systems, the processing delay is strictly demanded that requires the BSS algorithms for communication signals blind separation must have good convergence property. Independent component analysis (ICA) [15] , [22] is a mainstream and valid method for solving BSS problem. The basic assumptions of ICA that sources are nonGaussian and mutually independent are naturally satisfied by the mixing of different sources in BSS, including communication signals from different transmitters. For ICA-based BSS algorithms, the kernel is the hypothesis or estimation of probability density or distribution of sources. Effective and proper hypothesis or estimation is a precondition for successful separation meanwhile means a better convergence. In [21] , Gram-Charlier expansion is applied to approximate the probability density function of sources. However, the approximation accuracy of this method is rough, and it is sensitive to the outliers of inputs. The algorithm introduced in [8] is a typical algorithm that directly hypothesizes the probability density of sources. Generally, these methods are less flexible than estimation methods. In [16] and [17] , parametric probability density estimation methods were applied to BSS problem. Nevertheless, these methods are sensitive to the setting of model parameters and only function well for a few sources. Compared with these methods, Boscolo et al. [18] developed a nonparametric probability density estimation (NPDE) method that can model arbitrary distributed sources, which means the BSS algorithms based on it can obtain a better convergence. However, the NPDE is only applicable to realvalued signals.
In this paper, a blind separation algorithm for baseband communication signals that uses NPDE to estimate probability density is proposed. Correspondingly, extending NPDE to complex field is implemented, making it appropriate for estimating the probability density of baseband communication signals. In addition, the complex update procedure of demixing matrix is derived corresponding to complex channel matrix and signals. Moreover, the influence of lacking synchronization between the local carrier and received signals, i.e., existing carrier offsets, on the channel matrix is analyzed herein. The main contributions of our work can be listed as below:
• Correspondingly extending NPDE to complex field to fit the complex characteristic of baseband communication signals;
• A derivation for the complex update procedure of demixing matrix according to complex NPDE and baseband communication signals;
• An analysis for the influence of carrier offsets on channel matrix. 
where x(t) ∈ C N ×1 denotes the received signals, A ∈ C N ×N represents the channel matrix, and s(t) ∈ C N ×1 contains the emitted signals, i.e., the source signals. It is inevitable that there are carrier offsets between the local carrier and the coming carrier for a receiver in communication systems.
To examine this case explicitly, assume local oscillator signals are
where c I (t) and c Q (t) represent the oscillator signals of I and Q branches, f c , f and θ denote the received carrier, the local carrier-frequency offset and the phase offset, respectively. After down-conversion and low-pass filtering procedures, the practical received signals of I and Q branches, i.e., x I (t) and x Q (t), can be expressed as
where x I (t) and x Q (t) are the desired received signals of I and Q branches, respectively. Transforming to complex form, the equations can be rewritten as
where x(t) = x I (t) + jx Q (t) denotes the desired received signal, and x (t) = x I (t) + jx Q (t) represents the practical received signal with carrier offsets. From (6), we can know that the effect of carrier offsets is equal to multiplying an offset factor e −j(2π ft+θ ) to the elements of channel matrix A, i.e., a time-varying mixing scenario. In that case, the mixture model is redefined as
where x (t) = x(t)e −j(2π ft+θ ) , and A(t) = Ae −j(2π ft+θ ) .
For the convenience of derivation, we undiscriminatingly use x = As as the mixture model and omit the time t as described below.
The aim of BSS procedure is to estimate the pseudoinverse/inverse matrix W ∈ C N ×N (also called demixing matrix) of A and retrieve the source signals under the hypotheses that source signals are non-Gaussian and mutually statistically independent, only with the received signals available. The global separating matrix G, defined as G = WA, can be factorized into the product of a permutation matrix and a diagonal scaling matrix after demixing matrix W is exactly estimated. The separated/retrieved signals denoted by y ∈ C N ×1 can be obtained as
In that case, the separated signals are the valid estimations of source signals up to an ambiguity of order and scaling (amplitude and phase). VOLUME 6, 2018
B. BSS ALGORITHM BASED ON MMI
The minimum mutual information (MMI)-based BSS algorithms are typical ICA methods, which treat mutual information as the measurement of independence. These methods iteratively search demixing matrix W that minimizes the mutual information among the components of separated signals vector y, that is,
where I(·) is termed as the mutual information function. According to information theory equalities, (9) can be definitely rewritten as
where H(·) denotes the Shannon entropy function. Due to the complex characteristic of baseband communication signals, the processing object of BSS becomes complex. Nonetheless, the one-to-one corresponding relations between y and x do not change, as in (8); that is,
Because the derivative of H(x) with respect to W is zero, the objective function can be simplified as
where f y i (y i ) is the marginal probability density of y, and E {·} denotes the expectation operator.
C. COMPLEX NONPARAMETRIC PROBABILITY DENSITY ESTIMATION
From (12), we can find that the solution of objective function depends on the marginal probability density, which is generally unknown. Consequently, it is necessary to hypothesize or estimate a probability distribution model for sources. Cardoso also showed in [19] that incorrect assumptions on the probability density can result in poor separating performance, even in a complete failure of separation. A conventional and simple method is to assume sources obey hypothetic probability distribution models and directly provide the nonlinearity kernel function (NKF)
, such as for sub-Gaussian sources, ϕ y i (y i ) = y i |y i | 2 , and for super-Gaussian sources, ϕ y i (y i ) = tanh(γ y i ) (γ ≥ 2). Certainly, the accuracy of conventional method is limited. Compared with the conventional method, the parametric probability density estimation methods [16] , [17] are better substitutions, which use actual data to estimate probability densities of sources. However, these methods are sensitive to the setting of model parameters. Thus, Boscolo et al. [18] proposed an NPDE method with prominent characteristic that no special probability models are required, i.e., arbitrary probability distribution can be estimated.
NPDE directly estimates probability density using a kernel probability density estimation technique driven by data.
Adopting NPDE method, the marginal and joint probability density of y can be respectively estimated as
where y i (m) and y(m) denote the m th samples of y i and y, respectively. M is the sample length, and h is the kernel bandwidth. φ(·) and ϑ(·) are the univariate Gaussian and multivariate Gaussian kernel functions, respectively, that are given by
Considering the complex characteristic of baseband communication signals, however, the kernel functions are correspondingly extended to complex field and are given by
where superscripts * and H denote the conjugate operator and the conjugate transpose operator, respectively. In that way, a complex NPDE method that can estimate the probability density of baseband communication signals is obtained.
D. COMMUNICATION SIGNAL BLIND SEPARATION ALGORITHM BASED ON COMPLEX NPDE
Corresponding to complex channel matrix and baseband communication signals, demixing matrix W naturally has a complex structure. Therefore, the iterative direction of W is given by the conjugate natural gradient direction of objective function (W), that is,
According to (12) , the conjugate gradient direction of (W) can be calculated as
where
where w i is the i th row of W, and 0 denotes the zeros matrix. Using complex NPDE to estimate the marginal probability density function f y i (y i ), ∂f y i (y i ) ∂y i * can be formulated as
The third item of (20) is calculated as
In accordance with practice, assuming that
The iterative procedure of demixing matrix W can be expressed as
where µ ∈ (0, 1] denotes the step size, I ∈ R N ×N represents the identity matrix.
III. EXPERIMENTAL SIMULATIONS
In this section, the proposed algorithm is implemented to separate the mixed baseband communication signals. One of the contrast algorithms is classic natural gradient algorithm (NGA) that directly hypothesizes NKF, i.e., fixed NKF; the other is the BSS algorithm proposed in [13] and [14] that utilizes the constellation property of communication signals to build a probability model. For distinction, we name it as constellation distribution based algorithm (CDBA). We use performance index (PI) [20] to evaluate the performance of algorithms; the PI is defined as
where G ij represents the (i, j) th element of global separating matrix G. In this paper, signal interference ratio gain (SIRG), which is proposed to evaluate the separation quality, is defined as
where l=argmax l |G il |, k=argmax k |A ik |, A ij denotes the (i, j) th entry of channel matrix A, and s j 2 is the power of j th source. By taking power into consideration, SIRG can effectively reflect the recovery extent of sources and precisely calculate the system gain after blind separation.
A. SIMULATIONS FOR THE SAME AND DIFFERENT MODULATION SCHEME SIGNALS
In the simulations, all communication signals are assumed to use the same root raised-cosine filter, both in transmitter and receiver, and have the same symbol rate. Moreover, symbol rate sampling is assumed to be ideal ]. All algorithms use identity matrix as initial demixing matrix. The received signals include additive white Gaussian noise with the signal-to-noise ratio (SNR) equaling 25 dB. The step size µ of algorithms is set to 0.001. In addition, the parameters of proposed algorithm are set as follows: M = 1000, and h = 1.06M −0.2 . The NKF of NGA is cubic function, i.e., ϕ y i (y i ) = y i |y i | 2 . The steepness parameter for CDBA is set to 2. All performance curves are the average of 10 Monte Carlo simulations.
As shown in Fig. 1 , CDBA works well when communication signals have the same modulation scheme. However, if modulation schemes are different, as shown in Fig. 2 , CDBA can only model the probability density of the known signal well (assuming 4QAM signal is known), which causes performance degradation. By contrast, the algorithm proposed in this paper not only can adapt to the two cases but also has a better convergence property. In addition, the performances of NGA verify the weaker adaptability than estimation methods. As shown in Fig. 3 , the proposed algorithm can achieve nearly 30 dB SIRG after separation and the speed is the fastest among the three algorithms. The good SIRG performance can provide a benefit for subsequent processing, e.g., demodulation. Fig. 4 shows the separated results of the proposed algorithm (red constellation), indicating that the mixed communication signals are separated successfully.
B. SIMULATIONS WITH CARRIER OFFSETS
Considering the scenario with carrier offsets, namely, channel is time-varying, the frequency offset is set to 0.01% of the symbol rate, the phase offset is 10
• , and the parameters of algorithms are set as same as those above. Fig. 5 and Fig. 6 show the PI curves and constellation with carrier offsets, respectively.
As shown in Fig. 5 , the proposed algorithm also has a better convergence property than the contrast algorithms in time-varying channel. The good convergence property is mainly attributed to the better robustness or adaptability of the proposed algorithm to time-varying channel that makes the probability density function of signals can still be effectively estimated. Although the proposed algorithm can achieve an effective separation in the time-varying channel environment, the separated constellations shown in Fig. 6 still have phase offset. Phase and frequency offsets cannot be compensated by BSS due to its inherent ambiguity. However, these deficiencies do not hinder the main application of BSS to achieve the separation task for the mixture of communication signals. In addition, these deficiencies can be effectively covered by conjugating other signal compensation methods, e.g., phaselocked loop (PLL), differential encoding.
IV. CONCLUSIONS
In this paper, a complex NPDE-based communication signal blind separation algorithm is proposed. The superior performance of NPDE for the probability density estimation of signals guarantees a better convergence, and its good data-driven property ensures the adaptability of the proposed algorithm. The complex update procedure of demixing matrix corresponding to complex channel matrix and signals is derived herein. The simulation results experimentally indicate that the proposed algorithm not only can effectively achieve the separation task for the mixture of baseband communication signals with the same or different modulation schemes but also has better convergence and SIRG than the contrast algorithms. In particular, in the carrier offsets existing scenario, the proposed algorithm can also achieve an effective separation. Her research interests include communications anti-jamming, signal processing, and blind source separation.
WENCHUN DING received the B.S. degree in communication engineering from Chongqing University, Chongqing, China, in 2015, and the M.S. degree in information and communications engineering from the Army Engineering University of PLA.
His research interests include 5G selfinterference cancellation and blind source separation.
